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ABSTRACT

In this paperwe suggest novel methodto approximatehe fithessfunction of a geneticpro-
grammingapproachin orderto develop fast and stablegait patternsfor a quadrupedobot.
Therefore gait patternsareclassifiedby socalledSignalSpaceDetectorsWe shav how a Sig-
nal SpaceDetectorcanextractinformationaboutthe reliability of a classificationFinally, we
demonstratéow this informationcanbe usedto replacecornventionaltime-consuminditness
moduledik e real-world tournamentsr offline simulations.

1 MOTIVATION

Genetigorogrammind1] is expectedo beacapablesolutionfor designingastandrobustwalk-

ing patterndor leggedrobots[2-5]. In fact,usingthis approactwe have evolvedvery fastand
stablepatternsn thepast{6]. Thegenetigprogrammingapproachs easyto implementsincethe
fitnessfunction hereis givenimplicitly by the speedof the robotsusinga specificgait pattern.
Thebestperformingindividual canbefoundeasilyby executingfootracesUnfortunately such
tournamentsuffer from heary wearoutduringthedifferentstage®f evolution causedy mary

evaluations.Therefore differenttechniquesreusedto reducethe numberof tournamentsAn

efficient methodis to usephysicalsimulationasa fithessmodule.In the past,we have made
promisingexperiencesisinga physicalsimulationof a bipedrobot[7]. Neverthelesstheim-

plementationof suchsimulationscan be very comple< and expensve. Furthermorejn some
casesthe characteristicof motors,joints or gearsmight be unknovn. Therefore,a physical
simulationis notimplementablan general.Instead we suggesthe useof a meta-modethat
canbegeneratecdutomaticallyby anartificial neuralnetwork.

2 ARTIFICIAL NEURAL NETWORKS AS FITNESS MODULE

We usedERS 2100quadrupedobotsfor our studies.Thatrobotsare manutcturedoy SONY

and are widely-usedfor robot soccerpurposed8]. They provide three degreesof freedom
(DOF) perleg. Themovementsrecontrolledby a27-parametewalkingenging[9]. An overvien
over the walking engineparameterss givenin Table 1. Obviously, an 27-dimensionalector

canbeinterpretedoy thewalking engineasa control programfor therobot.
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Table 1. Parameter setfor the “In verseKinematic Walking Engine” [9]

Number|Cumulated Parameter Type Description
1 1 footmode binarycircularor tetragonapathof foot movement
3 4 foreHeight foreWidth, foreCenter| float foreleg positionwhenstanding
3 7 hindHeight,hindWidth, hindCentef float hind leg positionwhenstanding
2 9 foreFootTilt, hindFootTilt float | tilt anglesof foot movementpathsto y-axis
2 11 foreFootLift, hindFootLift float | maximaldistancebetweerfoot andground
legSpeedBkctorX
3 14 legSpeedBctorY float | ratio of stepsizesof fore legsandhind legs
legSpeedBkctorR
2 16 maxStepSizeXmaxStepSizeY | float steplength
maxSpeedXChange
3 19 maxSpeedYChange float frequeng of motionrequesupdates
maxRotationChange
1 20 counterRotation float | angleto x-axisof superpositionedotation
1 21 stepLen int guantizatiorstepsizeof the movement
1 22 groundPhase float ratio of foot lifting time andstanding
1 23 liftPhase time to entiretime for asinglestep
4 27 headTlt, headRn,headRollmouth float headposition(constantfor thewalk

2.1 The Signal SpaceConcept

For our evolutionaryapproachye useindividualsthatconsistof M = 27 variables.Therefore,
theindividualsarecharacterizethy M -dimensionavectorsV; = (v, vs, .. . var). Thatvectors
canbeinterpretedgeometricallyascoordinate®f pointsin an M -dimensionakpaceSinceeach
vectorrepresents walking pattern,every V; implicatesa walking speed Dependingon this
specificspeedfastandslow individualscanbe separatednto differentclasse<**? andC*/,
wherebysuperiorindividuals(e.g.fasterones)arein C**P. Inferior individualsareclassifiedto
bemembernf C*f. All V; € C™f arediscriminatedagainssuperiorindividuals.

A singleindividual canbe interpretedasa point in an M-dimensionalkspace thussimilar in-
dividualsform clustersin that signal space.Therefore the classificationcan be doneby par
titioning the signalspacelf a subspaces; containsall V; € C™/, thenthe remainingspace
containgall V; € C**?, Geometricallyspolen,thespacebecomeslividedinto regionssuchthat
all superiorindividuals(e.g.fastgait patterns)relocatedin differentregionsthantheinferior
individuals.

If clusterscanbe approximatedy a centerpoint andsuperpositioneddditive white Gaussian
distributed noise (AWGN), then the boundariesare given implicitly sincethe subspacesire
given by Voronoi Regions [10]. For example,in the two-dimensionakasethe clustersmust
form circularshapeskFor M = 3, the clustersmustbe approximatabldy spheres.

In all othercasesthe boundarieshave more complex shapesvhich canbe approximatedoy
setsof severalhyperplanesSucha situationis illustratedin Figurel exemplarily:the superior
individuals(black) andinferior individual aredivided by hyperplanegbold lines). Theregion
whichindicatesthatindividualsaresuperior(V; € C*"?) is shadedjray.

2.2 Implementing the Signal SpaceDetector asArtificial Neural Network

ThevectorV; canbe uniquelyclassifiedby associatingo it a subspaces; asshowvn in section
2.1. This canbe doneby calculatingthe distancedo all boundinghyperplane®f the regions
thatcharacterizeC**? andC™f respectiely. Sincethe distancebetweerpoint andhyperplane
is givenby thedot-producbf theplanes normalvectof andthe pointitself, suchanimplemen-
tationis of low compleity. In recentpublications that efficient implementations known as

¢ Thenormalvectormustbenormalizedio 1.0



Fig. 1. A setof individuals in atwo-dimensionalspace.The subspaceof superior individu-
alsis shadedgray (left). Estimating the reliability information referring to hyperplane H
using the notation asgivenin section2.

SignalSpaceDetector(SSD)[11,12]. A hyperplanan the SSDcanbe estimatediy a corven-
tional perceptrori6, 13]. Sucha perceptromultipliesits weightvectorw = (wy, wo, . .. wa)T
with theinput vectorandaddsa biasw,,. ;. If V; is usedasinputvector thenw canbeinter
pretedasthe normalvectorof a boundinghyperplanef.
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H: 'Vi+wM+1:0 (1)
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After computingthedot-producof bothvectorsaperceptrorweightstheresultby anactivation
function A. Thus,the perceptrongutputp is givenby Equation(2).

w
p=A( |- (ViD)T) (2)
Whrr+1
For simplified learningrules, typically a sigmoidactivationfunctionasillustratedin Eq. (3) is
used[14]. If necessarythe distancebetweenV'; and H representedby the perceptrorcanbe

computedby normalizingthe weightvectorto |w| = 1 andapplyingthe inversefunction A~*
afterEq. (4).
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Obviously, it is not difficult to classifyindividualsusinga signalspaceapproachThedecision
planescanbe found easilyby usinga multi-layer perceptrorapproactanda back-propagation
learningalgorithm.Unfortunately thatapproactsuffersfrom low classificatioraccurag of the
artificial neuralnetwork. We obsenedthatmorethan20 percentof tournamentsreclassified
incorrectly(seeFig. 2).



2.3 Improving Classification Accuracy by Confidence-Estimation

As illustratedin Figurel, someindividuals(like V; andV',) arelocatedcloselyto a decisve
plane.Otherindividuals (like V3) arelocatednearthe centerof a clusterof individualsand
have a long distanceto the boundinghyperplanesSmall changesf the normalvectorsof the
decisionplanesaffect especiallythe classificationof thoseindividualswhich arelocatednear
thehyperplanesActually, thenormalvectorvariesin asmallrangeaftereachstepin thetraining
phaseThereforejt canbejustifiedto assigna high reliability to the classificatiorof V'3 anda
low classificatioraccurag to V; andV,.

In [15], the proof of this approachs givenin detail. Furthermorea formulato calculatethe
confidenceof adecisionusinga specialsignalspacedetector(S*D) canbefoundin this paper
For this purposea socalled“admissiblesignalpoint” A; for eachsubspace; mustbefound.
Afterwards all individualsin thesamesubspaceanbe modeledby addingcolorednoisen with
avarianceaﬁ to A; asillustratedby Equation(5) andtheright partof Figurel.

V.= Aj +nVi with (VZ, A]) € Sj (5)

Then, the reliability . of the decisionis given by the normalizeddot-productof V; andthe
hyperplanesiormalvectorw after Eq. (6). Note, thatb indicatesthe distancefrom A; to the
decisve hyperplanef.

b wvy= At 6)

 |w|-a?

Y
Thus,theknowledgeof A; is essentiato calculatetheconfidencef theclassificationlf thereis
asimulationmodelof therobot,suchadmissiblesignalpointscanbeextractedoutof thatmodel.
Else,thepositionof theadmissiblgpointmustbeestimatedFor our studiesve usethefollowing
basicapproachAfter training the artificial neuralnetwork, we computethe focal point of all
pointsin thesamesubspaces;. Fromthis focal point A ;, we calculatethe distanceto all other
obsenred pointsin the samesubspacen orderto estimatethe variancea};. Furthermorewe
calculatethedistanceb from A; to eachadjacentiyperplanef. This canbedoneefficiently in
thefirstlayerof amulti-layerperceptror{MLP) network. An exampleis illustratedin Figurel.
As presentedn [15], somehyperplanesio not contribute to the decision.In Figure 1, this
situation can be obsened for V4. The dotted hyperplaneis closeto the point. This would
implicate a low reliability. On the other hand, V, hasa long distanceto the white shaded
areawhich indicatesa high confidence Therefore we mustestablisha filtering techniqueto
discriminatebetweendecisive andnon-decisie hyperplanesln the S’ D-architecturedecisie
hyperplanesare found out by inverting the result of eachplane and propagateat througha
boolearalgebraHere,we have no booleanogic. Sowe useanothertwo layersin the MLP.
There we inverttheresultof the previousperceptronsveight-functionandpropagatet through
theneuralnetwork. If thefinal resultchangesthehyperplanas claimedto bedecisve.Decisve
hyperplanesontributeto theoverallconfidencesalculation As therecanbeacoupleof decisve
hyperplanesywe have to combineall their reliabilitiesto anoverall confidenceThis is doneby
themin-rule: We determinghe confidencdor eachdecisve perceptronTheoverallconfidence
is givenby theminimumof all calculated-eliabilities.



3 RESULTS

The suggestedechniquetakes to two major advantagesFirst, it reducesthe robot wearout
duringtraining phase Secondthelearningprocessanbe acceleratedignificantly sincereal-
world tournamentganbe skipped.Thus,the populationsize canbe increasedyhile wearout
anddurationof theevolution decreassimultaneouslyT his intendsto furtherenhancehequal-
ity of walking patterns.
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Fig. 2.Reliability thresholdvs.classificationcorrectnessand real-world tournaments(left).
Number of misclassificationsvs. real-world tournaments (right). Results achieved by
evolving gait patterns using “In verseKinematic Walking Engine [9]”

3.1 ReplacingReal-World Tournamentsby Artificial Neural Networks

By increasinghereliability thresholdwhichindicatesf anindividualsfitnessis estimatector-
rectly by the MLP-approachtheratio of misclassificationsanbereducedsignificantly Figure
2 shavs how mary tournamentsnustbe performedon the robots(y-axis). This is indicated
by the numberclassificationsvhich show a reliability lessthanthe given threshold(x-axis).
Additionally, the numberof incorrectclassificationdgs representedtoo. For example,with a
reliability thresholdof L = 2.6 about21.8% of the tournamentsan be saved. Furthermore,
only 7.4% of the classificationgreincorrect.

Without thatoffline-fitnessestimationwe evolvedawalk, whichis 28%fasterthanareference
(hand-optimizedypait patternby performing285tournament®nthe ERS2100robot.

With thesuggestednethodologywe approximatedheresultsof the footraceshy theenhanced
artificial neuralnetwork. 10% of the unreliabledecisionshave beenselectedrandomlyto be
performedontherobots.Therebywe evolveda gait patternwhich is about20%fasterthanthe
referencewalk. The wearoutwas reducedsignificantly sinceonly 34 tournamentdadto be
evaluated.

4 CONCLUSION

We obsenedthatthe quality of the evolved gaitsdependson internalnetwork parametergand
the meta-modekcompleity. That correlationis addressedhn the paperfor SONY ERS 2100
robotsand furtherinvestigationswill shov how that approachperformsunderdifferenthard-
wareconditions.



We haveto analyzef andhow thesuggestedneta-modetansubstituteeal-world tournaments
completely This aim seemgealistic,sinceup to 99.9%of the tournamentesultscanbe pre-
dicted correctly To achieve this, the populationsizeis reducedsignificantlyasall unreliable
classificationsrenot usedfor the evolutionaryalgorithm.Thus,we have to investigaten gen-
eralif discriminatinglow reliable patternsagainstunreliabledecisionspreventsfrom finding
optimalgaits.To dothis, we have to examinehow neuralnetworksandsignalspaceparameters
canautomaticallybe adjustedo theactualrobotcontrolprogram.
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